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Abstract

Innovation decisions in product development are frequently made under conditions of incom-
plete information, fragmented documentation, and limited cross-functional coordination. These
are also the conditions under which overreliance on Al outputs is most likely, particularly when
the system’s underlying uncertainty is not clearly communicated. This study examines what
decision makers in innovation contexts require from Al-based decision support and what this
implies for the design of large language model (LLM) based multi-agent systems. An on-
line survey (n=33) of participants from twelve German organizations was combined with 16
semi-structured interviews across fourteen firms. The findings indicate that practitioners face
recurring breakdowns in information integration, reasoning traceability, and cross-functional
alignment, while consistently demanding transparency, human oversight, explicit handling of
data gaps, and secure treatment of sensitive information. Based on these findings, seven de-
sign requirements and six design principles for Al-supported decision systems in innovation
contexts are derived and their implications for LLM-based multi-agent architectures are dis-
cussed. The central contribution is an empirically grounded framework that positions Al as
an analytical partner rather than an autonomous decision maker, identifies when multi-agent
configurations are appropriate for coordinating distinct functional perspectives, and proposes
that such systems are most likely to be effective when uncertainty is made explicit, adoption is
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introduced incrementally, and Al capabilities are treated as complementary to human expertise
rather than as a substitute for it.

Keywords: Al-supported decision making; LL.LM-based multi-agent systems; innovation man-
agement; product development; design requirements; human-AlI collaboration

1. INTRODUCTION

Strategic decisions in innovation and product development are among the most consequen-
tial choices organizations face. They determine which products reach the market, how resources
are allocated across projects, and whether a firm can sustain its competitive position over time
(Schuh et al., 2011). Yet these decisions are rarely made under stable or fully knowable con-
ditions. Relevant information is often incomplete, distributed across functions, weakly docu-
mented, or held only as tacit experience by individual experts. In practice, innovation decisions
frequently combine formal analysis with intuition, negotiation, and time-constrained judgment.

Traditional decision support tools such as SWOT analysis, multi-criteria decision methods,
and cost-benefit frameworks were designed for well-defined problems with stable criteria and
bounded alternatives. Innovation decisions rarely fit this description: criteria evolve as markets
shift, evaluation parameters change as new information surfaces, and the boundaries of the
problem itself are often unclear (Varnes, 2025). Practitioners, therefore, frequently rely on
experience and informal consultation rather than systematic analysis.

Recent advances in generative Al have renewed interest in Al-supported decision making,
particularly in contexts where relevant knowledge is embedded in unstructured text, distributed
documents, and heterogeneous stakeholder inputs. Large language model (LLM) based multi-
agent systems are especially attractive in this setting because they can distribute analytical tasks
across specialized roles and make multi-perspective reasoning more explicit. However, the
practical promise of such systems in innovation management remains under-specified. It is still
unclear which practitioner needs are specific enough to justify a multi-agent architecture, which
requirements apply to Al-supported decision systems more broadly, and how such systems
should be designed so that human judgment remains meaningfully in control.

Current Al decision-support systems are often difficult to trust in practice. They may pro-
duce recommendations without making their reasoning visible, obscure the limits of the un-
derlying evidence, or reduce user oversight when automation is presented with unwarranted
confidence. Trust, as used in this study, refers to reliance that is appropriately calibrated to the
system’s actual reliability, not uncritical compliance with Al outputs. Research on Al-assisted
decision making has repeatedly shown that transparency, explainability, and user control are
important conditions for effective human-Al collaboration, and that many existing systems do
not adequately meet these requirements (Steyvers and Kumar, 2024; Romeo and Conti, 2025).
Empirically grounded design knowledge linking the needs of innovation practitioners to the
design of LLM-based multi-agent systems remains limited.

The present study addresses this gap by investigating the following research questions:

* RQ1: What are the key challenges and requirements that decision makers face in strategic
innovation decisions?

* RQ2: What design requirements should guide Al-supported decision systems for inno-
vation decision support, and which of these have particular implications for trustworthy
LLM-based multi-agent systems?

* RQ3: What design principles can help keep such systems aligned with human judgment
and organizational practices?

To address these questions, a two-phase mixed-method study was conducted: an online



survey (n=33) and semi-structured interviews (n=16) with German practitioners (Section 3).
Following a review of the theoretical background (Section 2), empirical findings are presented
(Section 4), from which seven design requirements (DR1-DR7, Section 5) and six design prin-
ciples (DP1-DP6, Section 6) are derived. The paper concludes with a discussion of implica-
tions for LLM-based multi-agent architectures, study limitations, and future research directions
(Sections 7 and 8). The contribution is empirically derived design guidance, not a technically
implemented system.

2. THEORETICAL BACKGROUND
2.1 Decision Making in Innovation

Innovation decisions differ from routine operational choices in important ways. They un-
fold in the early, uncertain phases of development, where ambiguity is high, criteria evolve,
and information about technologies, markets, and customer needs is incomplete (Schuh et al.,
2011). Herbert Simon’s concept of bounded rationality (Simon, 1955) offers a useful starting
point: rather than optimizing, decision makers satisfice, selecting options that meet a minimum
acceptable threshold given constraints of time, information, and cognitive capacity. Schwarz
et al. (2022) extended this idea to Al, noting that while Al can process information at scale, Al
systems are themselves bounded by the data they access, a point with direct implications for
how Al-based decision support should be designed.

Beyond individual cognition, innovation decisions typically involve multiple stakeholders
with competing priorities. Outcomes may be influenced more by seniority than by evidence, a
pattern known as the HiPPO effect (Highest Paid Person’s Opinion) (Varnes, 2025). Reasoning
chains are rarely documented, which impedes organizational learning and means that each new
decision is effectively made from scratch. Together, these challenges, cognitive limits, stake-
holder conflict, and absent decision memory, define the problem space that Al-based decision
support needs to address. Growing recognition of these challenges has led to interest in Al as
a structural component of innovation management (Fiiller et al., 2024; Bouschery et al., 2023),
moving the conversation from Al as an efficiency tool to Al as a partner in strategic decision
making.

2.2 Decision Support Systems

Traditional decision support tools such as SWOT analysis, multi-criteria decision making,
and scenario planning work well when problems are clearly defined and criteria are stable
(Witkowski and Wodecki, 2025). Innovation decisions routinely violate these assumptions,
which helps explain why practitioners in the present study described existing tools as too rigid
and insufficiently adaptive. Al-augmented decision making (AIADM) offers new possibilities
by enabling systems to adapt to context and actively participate in evaluation rather than simply
presenting static outputs (Herath Pathirannehelage et al., 2025). When Al handles information
synthesis tasks, human experts can focus on creative and evaluative work, and larger problem
and solution spaces can be explored (Bouschery et al., 2023).

In entrepreneurial and early-stage innovation contexts, generative Al appears to support
rather than replace human judgment, provided the interaction is structured to preserve human
agency (Bastone et al., 2026). Generative Al has also been found to narrow the performance
gap between novices and experienced practitioners in structured planning tasks (Hettrich et al.,
2025), suggesting potential for more equitable decision support across organizational levels.
Despite this potential, a substantial gap persists between experimentation and embedded use:
Saup et al. (2026) describes a “pilot-to-decision gap” in which organizations try generative Al
but fail to integrate it into core decision workflows, largely due to governance challenges and



insufficient trust. Closing this gap requires not just better technology but design principles that
keep humans meaningfully in control (Mariani and Dwivedi, 2024).

2.3 Large Language Models and Multi-Agent Systems

LLMs can process unstructured text, engage in multi-step reasoning, and maintain context
across interactions (Chiarello et al., 2024), which makes them well suited to innovation deci-
sion support where relevant knowledge is embedded in documents and reports. Three system
levels are relevant to this study (Guo et al., 2024a; Hosseini and Seilani, 2025): an Al agent
that perceives its environment and acts autonomously; a multi-agent system (MAS) in which
agents coordinate on tasks no single agent could handle; and an LLM-based multi-agent system
(LLM-MAS) in which agents are powered by language models, enabling flexible reasoning and
conversational interaction. The LLM-MAS design space is maturing rapidly, and applied work
suggests that multi-agent workflows can help structure complex analytical tasks in ways that
are directly relevant to decision support (Guo et al., 2024a; Hosseini and Seilani, 2025; Sun
et al., 2025; Krueger et al., 2025; Sami et al., 2026).

Assigning agents to distinct functional roles mirrors the multi-stakeholder complexity de-
scribed in Section 2.1. Role specialization can help structure complex deliberation, but it also
introduces coordination and evaluation challenges that must be managed deliberately (Sun et al.,
2025). Krueger et al. (2025) shows that LLM-based systems can help translate practitioner
knowledge into structured product requirements, a challenge closely related to the information-
structuring demands identified in this study. Sami et al. (2026) find that structuring the human-
LLM interface in multi-agent requirements analysis improves both output quality and user con-
fidence. Across this body of work, aggregation, critique, and human-approval checkpoints
emerge as important mechanisms for reliability and control in multi-agent settings (Guo et al.,
2024a; Sun et al., 2025).

2.4 Responsible and Transparent Al

Trust in Al decision support rests on transparency, credibility, and alignment with user ex-
pectations. Users need not just a recommendation but the reasoning behind it: the evidence
considered, the assumptions made, and the trade-offs involved. The performance benefits of
intelligent decision support depend on a match between the user’s skill level and the system’s
design, which underscores the importance of adaptive autonomy (Peng et al., 2024). A key
risk is automation bias, the tendency to over-rely on automated outputs. Low Al literacy and
poorly designed explanations increase uncritical compliance (Romeo and Conti, 2025), and au-
tomation bias has been observed even among experienced users in decision support contexts
(Kiicking et al., 2024). Guo et al. (2024b) shows formally that appropriate Al reliance can be
defined as a function of task uncertainty and Al reliability, with direct implications for how con-
fidence indicators should be communicated. Steyvers and Kumar (2024) identifies three core
challenges for effective human-Al decision making: knowing when to trust the Al, understand-
ing its limits, and maintaining meaningful oversight.

As Al systems become more agentic, the risk profile expands. Chan et al. (2023) identify
harms specific to agentic systems, including goal misalignment and compounding errors across
multi-step decision chains, risks that are particularly relevant in LLM-MAS architectures. Yang
and Yang (2024) documents broader social risks, including the erosion of human accountability,
when Al is positioned as an active participant in organizational decisions.

A central tension runs through this literature. LLM-based multi-agent systems are de-
signed to help practitioners work with incomplete information, yet they can generate confident-
sounding outputs even when the underlying evidence is weak. This study refers to this as



the incomplete information tension: Al support is most needed when data are scarce, yet a
system that conceals its own gaps may mislead users rather than assist them. This tension,
which echoes Schwarz et al. (2022)’s point that Al operates under bounded intelligence, di-
rectly shapes the design requirements developed in this study.

2.5 Research Gap and Positioning

This study sits at the intersection of innovation management, Al-augmented decision mak-
ing, and multi-agent systems design. It takes a design-oriented approach: empirical findings
from practitioners are used to derive system requirements and principles. This distinguishes
it from largely technical LLM-MAS studies that optimize for performance without grounding
in user needs (Guo et al., 2024a), and from high-level Al governance reviews that do not ad-
dress concrete multi-agent design (Mariani and Dwivedi, 2024). A gap remains in empirically
grounded design knowledge that links what innovation practitioners need to how an LLM-MAS
should be built. This study addresses that gap by keeping practitioner experience at the center
of the research process. It extends the AIADM design principles developed by Herath Pathi-
rannehelage et al. (2025) through action design research by applying and specifying them for
multi-agent architectures in innovation management contexts.

3. METHODOLOGY

This study uses a two-phase mixed-method design in which quantitative data collection pre-
cedes and informs qualitative inquiry (Creswell and Creswell, 2018). This approach was cho-
sen because the research question calls for both broad coverage across many practitioners and
a deeper understanding of the reasoning and context behind their experiences, which neither
method alone is likely to provide adequately (Johnson and Onwuegbuzie, 2004). The two
phases are shown in Figure 1. In Phase 1, an online survey was used to map the frequency
and distribution of decision-making challenges, current tool use, and expectations about Al
across a diverse cross-industry sample. This phase was designed as an exploratory step rather
than a formal statistical test, serving to identify which themes appeared most widely before the
qualitative phase began. In Phase 2, semi-structured interviews were conducted to explain the
mechanisms, contextual factors, and practitioner reasoning behind the patterns observed in the
survey. A final synthesis step mapped the combined findings onto system design requirements.
This sequential structure means that the qualitative inquiry was guided by the quantitative re-
sults rather than being conducted independently of them.

e N\ s N e N
Phase 1: Quantitative Phase 2: Qualitative Integration & Synthesis
Online Survey (n = 33) Informs sample In-Depth Interviews (n = 16) Synthesises Mixed-Methods Triangulation

& protocol QUAN 6 QUAL
—_— _ —_— .
e Frequency & distribution e Mechanisms & factors o Cross-referencing
e Challenges & tool use e Contextual nuances e Mapping empirical data
o Al expectations e Practitioner reasoning e Design requirements (DR)
. J . J . J

Figure 1: Overview of the two-phase mixed-method research design

Both studies target professionals who bear responsibility for strategic or operational deci-
sions in German organizations engaged in innovation and product development. This popula-
tion is appropriate because such practitioners are the intended primary users of the LLM-MAS
concept investigated here.



3.1 Study 1: Online Survey

The survey was conducted within the InnoHub Generative Al, a structured cross-company
innovation collaboration organized by Fraunhofer IAO and the University of Stuttgart IAT. Par-
ticipants were recruited through the consortium network of 12 partner organizations spanning
manufacturing, technology, consulting, financial services, and healthcare sectors, ensuring de-
liberate coverage of diverse organizational contexts. Out of the 46 invited participants, 33
provided valid responses, corresponding to a response rate of 71.7 %. Respondents held roles
including HR managers, Al coordinators, digital transformation specialists, product managers,
and heads of quality, sales, and innovation, ensuring broad functional coverage. Table 1 sum-
marizes their background characteristics.

Table 1: Participant Background Characteristics: Study 1 Online Survey (n = 33)

Characteristic n %

Self-assessed Al knowledge

No prior knowledge 9 27
Basic 19 58
Advanced 5 15
Familiarity with Al-based decision support
Not familiar 24 73
Somewhat familiar 8 24
Very familiar 1 3
Familiarity with generative Al and multi-agent systems
Not familiar 17 52
Somewhat familiar 14 42
Very familiar 2 6

The survey instrument was developed in three steps. First, the theoretical framework was
used to identify the topics to be covered: decision-making frequency and methods, key chal-
lenges, current tool use and its limitations, Al interest, knowledge, and familiarity with Al-
based systems, concerns about Al adoption, preferred types of Al support, and expectations
about future Al use. Second, questions were drafted by the research team and linked to each
topic, drawing on established decision-support and technology-acceptance scales where avail-
able. Third, the instrument was reviewed by two domain experts external to the research team
and piloted with three prospective respondents; their feedback was used to improve the wording
and response formats before the survey was distributed. Because the analysis was descriptive
in nature, formal reliability statistics such as Cronbach’s o¢ were not computed. To account
for differences in technical background among participants, a concise and neutral introduction
to generative Al capabilities was included in the questionnaire before questions about future
expectations were asked.

The final instrument contained eight thematic blocks. Closed-ended questions used multiple-
choice formats, five-point Likert scales, and forced-ranking. Open-ended questions were in-
cluded to capture views not anticipated by the fixed-choice items, most notably on current tool
limitations and future Al expectations. The survey was administered online. Data were ana-
lyzed using descriptive statistics and frequency counts; open-ended responses were reviewed
thematically to identify patterns not captured by the closed-ended items.



3.2 Study 2: In-Depth Interviews

The second study comprised semi-structured in-depth interviews with 16 decision makers
from 14 German firms, selected through purposive sampling to ensure coverage of diverse in-
dustries, organizational sizes, and decision types. Table 2 provides an overview of participants.

Table 2: Overview of Interviewed Decision Makers (DMs)

ID Role / Position Industry Specialization

DM1  Team Lead, IT & Digitalization Technology Digital Transformation
DM2  Manager, Industrial Design Product Design Strategy

DM3  Head of Prototyping & Testing Automotive Powertrain

DM4  Innovation Manager Consumer Goods Innovation

DM5  CEO, Product Design Agency Consulting Design

DM6  Management Consultant Consulting Product Development
DM7  Product Manager Consumer Electronics Product Management
DM8  Chief Technology Officer (CTO) Medical Devices Technology Leadership
DM9 Director of User Experience (UX) Software Platforms User Experience

DM10 VP, Supply Chain & Operations Automotive Components Supply Chain

DMI11 Head of Quality Assurance Pharmaceutical Manufacturing Quality Assurance

DMI12 Senior Product Marketing Manager B2B SaaS Product Marketing
DM13 Director, Manufacturing Engineering  Consumer Goods Manufacturing Manufacturing Engineering
DM14 Head of R&D Chemical Industry Research & Development
DMI15 Business Development Director Industrial Equipment Business Development
DM16 Product Development Lead Sustainable Packaging Product Development

Participants were selected through purposive sampling to ensure variation in industry sec-
tor, organizational size, decision type, and product development context (Patton, 2015). Each
participant was required to hold formal responsibility for at least one type of strategic or oper-
ational decision in an innovation or product development setting. Recruitment continued until
thematic saturation was considered to have been reached, defined here as the point at which two
consecutive interviews did not introduce any substantially new themes or codes. On this basis,
no new themes were identified after the twelfth interview. Four additional interviews were then
conducted, deliberately selected from different organizational backgrounds, to confirm that the
identified themes held across varying contexts.

The interview guide was developed in two stages. In the first stage, the survey findings and
the theoretical framework were used to define four main question areas: (1) the participant’s
role and the types of decisions associated with it; (2) challenges encountered in current de-
cision processes, including the tools used and their limitations; (3) possible use cases for an
LLM-based multi-agent system; and (4) requirements and concerns related to Al-based deci-
sion support. Follow-up probing questions were prepared for each area, and a summary of the
interview protocol is provided in the appendix. In the second stage, the guide was piloted with
one participant whose data were then excluded from the main analysis; the reported n = 16 and
the saturation count therefore refer only to the main interview series. Minor wording adjust-
ments were made following the pilot before the main series began.

Interviews lasted between 45 and 75 minutes, were conducted in German via video call,
and were audio-recorded with the participant’s consent. Recordings were transcribed in full,
and all identifying information was replaced with anonymized identifiers (DM 1-DM16) before
analysis. All quotations translated into English for this study were reviewed by a bilingual co-
author to verify accuracy.

Transcripts were analyzed using thematic analysis following the steps described by Braun
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and Clarke (2006): familiarization with the data, initial coding, theme construction, theme re-
view, theme definition, and write-up. Coding was primarily data-driven, although it was guided
by the four question areas used in the interview guide. As a quality check, a randomly selected
20 % of the coded transcript segments (approximately 420 coded segments in total, where a
segment is defined as a continuous passage assigned a single code) were independently coded
by a second researcher. The two coders agreed on 84 % of segments, and the chance-corrected
agreement coefficient (Cohen’s k) was 0.78, which is generally considered to indicate sub-
stantial agreement (Landis and Koch, 1977). Disagreements were resolved through discussion
and by refining theme definitions. The resulting themes were then organized within the Value
Proposition Canvas framework (Osterwalder et al., 2014) using the categories of Jobs to be
Done, Pains, and Gains, in order to translate practitioner needs into specific system capability
requirements.

3.3 Quality, Validity, and Ethics

Several measures were taken to strengthen the reliability and credibility of the study. In
the survey, each item was grounded in established literature and reviewed by external experts
before distribution. In the qualitative analysis, credibility was supported through a limited
member-resonance check: a summary of the identified themes was shared with four interview
participants, all of whom indicated that the themes were consistent with their expressed views.
The generalizability of the findings is bounded by the sample; the study focuses on German-
speaking organizations in innovation-intensive sectors, and the findings should be interpreted
within this context.

A further limitation concerns the sampling frame: both studies recruited from or around
the InnoHub Generative Al consortium, whose members had voluntarily engaged with an Al-
focused innovation programme. Participants in such a setting are likely to be more positively
oriented toward Al adoption, and possibly more Al-literate, than the wider population of in-
novation managers. The concern levels and expectations reported here may therefore reflect a
more favorable baseline than would be found in a broader or less self-selected sample, and this
should be kept in mind when interpreting the findings. The reliability of the qualitative analysis
was further supported by the intercoder agreement procedure described above (raw agreement
84 %, Cohen’s k¥ =0.78) and by maintaining a full record of all coding decisions.

Both studies were conducted in accordance with applicable data protection regulations.
Survey responses were collected anonymously and stored on institution-controlled servers in
compliance with the EU General Data Protection Regulation (GDPR). Interview participants
received a written information sheet before participation and provided informed consent for
recording, transcription, and anonymized use of their statements in research publications. No
personally identifiable information appears in this study.

Regarding funding and competing interests, the research reported here was carried out as
part of the InnoHub Generative Al initiative coordinated by Fraunhofer IAO and the University
of Stuttgart IAT. The authors declare that they have no competing financial interests or personal
relationships that could be perceived as influencing the work reported in this study.

3.4 Integrating the Two Studies

Patterns identified in the survey were compared with themes from the interviews to assess
whether the quantitative results were supported by the qualitative data and vice versa. Themes
that appeared strongly in the interviews were checked against the survey to assess how widely
they were shared, while survey patterns were examined in the interviews to understand the
underlying mechanisms. This process revealed consistent agreement on several key themes,



including the difficulty of managing complex decision criteria, the importance of transparency
and trust, and the shared expectation that Al should support rather than replace human judg-
ment.

The combined findings were then organized within the Value Proposition Canvas framework
(Osterwalder et al., 2014) to translate practitioner needs into specific system requirements. Each
theme was classified as a Job to be Done (a task the decision maker needs to accomplish),
a Pain (a difficulty or barrier in the current process), or a Gain (a desired improvement or
outcome). For example, the recurring problem of fragmented documentation was classified as
a Pain, while the desire for traceable Al reasoning was classified as a Gain linked to the same
Job. This structure made the step from empirical observation to design requirement explicit:
each requirement was developed to address one or more identified Pains or Gains, rooted in a
specific Job. The resulting mapping is summarized in Table 5 in Section 5.

4. FINDINGS

All frequency counts reported in this section refer to the survey sample (n = 33) unless
stated otherwise, and should be interpreted as characterizing that purposive sample rather than
as population estimates.

4.1 Decision-Making Practices and Challenges

Most survey respondents reported that strategic decisions were made monthly, and organiza-
tional goals were identified as the primary guiding factor. Regarding methods, reasoning from
prior analogous cases! was most frequently reported (21 of 33 respondents), followed by data
analysis (20), SWOT analysis (16), and the 5-Why method (9). Only one respondent reported
using formal multi-criteria methods such as AHP or TOPSIS. Several respondents also men-
tioned informal approaches, including pro/con lists, intuition, and competitive analysis. Table 3
summarizes these results.

Table 3: Decision-making methods currently used (survey, n=33)

Method Count
Reasoning from prior analogous cases 21
Data analysis 20
SWOT analysis 16
5-Why analysis 9
Multi-criteria (AHP, TOPSIS, etc.) 1

Note: Multiple selections were allowed, so counts exceed n=33.

Figure 2 shows the distribution of decision-making methods and the frequency of the top
five reported challenges. Complex decision criteria were the most commonly cited difficulty
(19 of 33), followed by time pressure (18), lack of relevant data (16), inadequate tools (12), and
market uncertainty (12).

The interviews reinforced and deepened these findings. DM1 (Team Lead, IT & Digital-
ization) described recurring poor data quality and a lack of structured evaluation, with experts
brought in too late. DM3 (Head of Prototyping & Testing) noted that documentation is fre-
quently fragmented, making it difficult to reconstruct past reasoning chains. DM4 (Innovation
Manager) pointed to subjective evidence and senior-level pressure overriding evidence (the
HiPPO effect). DM6 (Management Consultant) identified siloed communication across depart-

IThe term is used here in the informal practitioner sense of drawing on experience, not as a reference to the
formal case-based reasoning technique.
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(a) Decision-making methods currently used (b) Key challenges in strategic decision making

Figure 2: Survey results on current decision-making practice (n=33): methods currently in use (left)
and frequency of reported challenges (right)

ments as a persistent barrier to holistic decision-making. DM7 (Product Manager) reported
that feature requests from multiple stakeholders create conflicting priorities that resist system-
atic resolution.

Together, these accounts point to a consistent pattern: strategic innovation decisions are
hampered by information gaps, coordination failures, cognitive biases, and tool limitations that
are embedded in organizational structures.

4.2 Tool Landscape and Limitations

Survey respondents reported using tools including Power BI, SAP- and Excel-based solu-
tions, Conceptboard, mind maps, PowerPoint, internal dashboards, and in a few cases, LLMs
for structuring data and ideas. The overall picture was one of widespread dissatisfaction: 12 of
33 respondents identified inadequate tools as a key challenge, and open-ended responses em-
phasized a lack of flexibility and a heavy burden of manual data preparation. Combined with
the challenges of insufficient data (16/33) and time pressure (18/33), these findings suggest that
the current tool environment amplifies rather than reduces the cognitive demands of innovation
decisions.

Interview participants provided specific examples. Data collection was described as largely
manual and time-consuming. Analytical tools were seen as rigid, unable to adapt when decision
parameters changed. Several interviewees noted that despite having formal tools available,
actual decisions frequently relied on experience and intuition, because the effort needed to
gather comprehensive information typically exceeded the time available.

4.3 Al Use Cases and Potentials

The interviews revealed a wide range of potential use cases for LLM-MAS. Participants
were first asked about their current operational challenges before discussing how Al systems
might help, so that the proposed applications reflected genuine practitioner needs. The re-
sponses were organized into seven thematic clusters, summarized in Table 4.

A pattern that emerged across many interviews was the potential for LLM-MAS to serve
as an “intelligent mediator” (DM6) that systematically collects arguments, translates between
departmental technical languages, and helps balance competing perspectives. DM4 envisioned
the system as a committee decision support tool capable of reconciling subjective opinions
with objective data. DMS5 described a liaison role between departments, leveraging access to
information from all sides to facilitate balanced decisions.

Three further clusters warrant brief elaboration. In trend and competitive analysis, DM7 and
DM12 envisioned continuous, automated monitoring of market signals and competitor activity,
freeing analysts from manual scanning. In regulatory and compliance assessment, DM8 and
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Table 4: Use case categories for LLM-MAS identified from interviews

Use Case Category Description DMs

Feasibility & impact assessment Evaluating viability, scalability, and cost-benefit of 1,3
new ideas

Make-or-buy decisions Supporting build vs. buy vs. outsource decisions 1,6,13

Committee decision support Reconciling subjective opinions with objective data in 4
group settings

Trend & competitive analysis Continuous monitoring of market trends, competitors, 4,7,12
and technologies

Cross-functional mediation Translating between departmental perspectives and 5,6,9
aligning stakeholders

Regulatory & compliance assessment Analyzing regulatory requirements, quality risks, and 8, 11
compliance pathways

Scenario planning & risk analysis Modeling disruption scenarios, supply chain risks, and 3, 10, 14, 16
uncertainties

DM11 pointed to the potential for an LLM-MAS to track changing regulatory requirements and
flag compliance risks in real time, an area where the documentation demands are high and the
cost of oversight gaps is severe. In scenario planning and risk analysis, DM3, DM10, DM14,
and DM 16 described the value of a system capable of modelling supply chain disruptions, tech-
nology shifts, and demand uncertainty simultaneously, a task that exceeds the capacity of any
single analyst. Feasibility and make-or-buy decisions, while mentioned by fewer participants
(DM1, DM3, DM6, DM13), were noted as potentially the most tractable entry point because
the decision criteria are relatively well-defined and the output is a comparative evaluation rather
than an open-ended recommendation.

4.4 Practitioner Requirements and Concerns

Both the survey and the interviews provided detailed insights into what practitioners expect
from and worry about in Al-based decision support. Figure 3 presents the survey results on key
concerns.

Data protection 19
issues
Trust in AT 17
recommendations
Complexity of 13
integration
Lack of 9
transparency
T T T T T
0 5 10 15 20

Number of respondents (n = 33)
Figure 3: Key concerns about Al adoption in decision making (survey, n=33)
Transparency and traceability was the most consistent theme across both data sources. DM3
stated explicitly: “I want to know where the information the system uses comes from.” DM1,

DM4, and DM6 all emphasized that decision logic must be transparent and traceable. In regu-
lated industries, this becomes even more stringent: DM8 (Medical Devices) and DM11 (Phar-
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maceutical QA) noted that every decision support interaction must be documented with times-
tamps and a rationale for audit purposes.

Trust and data protection were the most frequently cited concerns in the survey, with 19 of
33 respondents identifying data protection as a key barrier. DM 14 and DM 15 both stressed that
intellectual property considerations require secure handling of all research and strategic data.

Human oversight was treated as non-negotiable by interview participants across sectors.
DM4 emphasized that an LLM-MAS should be introduced as a supportive colleague, not an
autonomous decision maker. DMS5 argued that Al should assist in decisions but must never
become the decision maker itself, and that responsibility must remain with humans.

Gap identification emerged as a distinctive requirement: DM insisted that the system must
provide clear indications of data gaps or insufficient information quality. DM14 emphasized
that the system must acknowledge when insufficient data exists rather than extrapolating unreli-
ably. This gap identification requirement directly addresses the incomplete information tension
discussed in Section 2.4.

4.5 Future AI Expectations

Survey respondents expressed the strongest interest in Al-generated insight types that were
directly relevant to their decision tasks. When asked to rank the types of insights they would
most value, trend analyses ranked highest, followed by risk analysis and competitor analysis.
Figure 4 illustrates the full ranking distribution across the five insight types.

- BRI EEER
-
|
—= . R
= |

| D

Rank 1 Rank 2 Rank 3 Rank 4 Rank 5
(Most useful) (Least useful)

10

Count

1
(=1

Figure 4: Preferred types of Al-generated insights (survey, n=33; Rank 1 = most useful, Rank 5 =least
useful)

Open-ended responses about the expected role of Al over the next five years revealed a
consistent narrative. Participants anticipated that Al would grow into an important supportive
tool while humans remain in the lead. Representative statements include: “Al will support
strategic decisions; humans decide”; “becoming more important, but humans remain in the
lead”; and “Al will grow, but remain a partner for decision consideration.” Others anticipated
efficiency gains and cost reductions, while emphasizing that Al should automate repetitive pro-
cesses rather than replace creative or strategic thinking.

The interviews added further nuance. DM4 emphasized that Al is particularly valuable in
the early phases of innovation, such as exploring new subject areas and scanning for emerging
technologies, before decisions become locked in. The same participant advocated for itera-
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tive introduction, starting with a few clearly defined tasks and expanding scope gradually as
trust builds. Several other interviewees stressed that change management is indispensable for
successful adoption: technology alone, they argued, is insufficient without a clear process for
introducing the system, defining its role, and training people to collaborate with it effectively.

4.6 Synthesis: Three Structural Breakdowns

Taken together, the findings across the preceding subsections point not to isolated pain points
but to three structural breakdowns in how innovation decisions are currently made (see also
Figure 2b).

The first is information fragmentation: data are scattered across departments, rarely inte-
grated, and often never formally documented. The consequence is that every decision draws on
an incomplete, unverifiable picture of the relevant facts.

The second is absent reasoning structure: without tools that impose discipline on how
options are evaluated, decisions default to informal heuristics, seniority-based authority (the
HiPPO effect), or accumulated intuition. The evaluation process is rarely traceable ex post.

The third breakdown is the incomplete information tension introduced in Section 2.4. Prac-
titioners knew their information was incomplete but still had to act. They wanted Al support
that helped them move forward despite gaps, while being concerned that a system confidently
filling those gaps with unverifiable content could undermine rather than support their decisions.

These three structural breakdowns are the direct origin of the design requirements developed
in Section 5. Each requirement can be traced to one or more of them.

5. DESIGN REQUIREMENTS

The findings in Section 4 reveal a systemic mismatch between the complexity of innovation
decisions and the tools practitioners currently have available. Three structural breakdowns
recur across the data: information fragmentation, absent reasoning structure, and the need to
act under incomplete information without generating false confidence. Each design requirement
addresses one or more of these breakdowns. Together, they form a coherent specification for
an Al-supported decision system grounded in practitioner experience.

For each requirement, the link between specific practitioner challenges, the corresponding
need, and a concrete system capability was traced using the Jobs-to-be-Done, Pains, and Gains
structure of the Value Proposition Canvas (Section 3.4). Where a theme appeared indepen-
dently across multiple interviews, the relevant participant IDs are listed; this mapping was
cross-checked against the survey data to confirm that the challenges were broadly shared and
not specific to individual respondents. Table 5 summarizes the mapping.

5.1 The Seven Design Requirements

Based on the mapping in Table 5, seven design requirements are proposed for Al-supported
decision systems in innovation contexts. Several have particular implications for LLM-based
multi-agent configurations, where multiple functional perspectives must be coordinated. Em-
pirical sources are not repeated in full below, as they appear in the table.

DR1: Transparent Reasoning Chains. Every recommendation must be accompanied by a
traceable chain of reasoning that shows the evidence considered, the assumptions made, and
the logic applied. Sources must be cited, and the reasoning steps must be presented in a way
that allows decision makers to follow, verify, and challenge them. This addresses the transpar-
ency demands raised in the interviews and the auditability requirements of regulated industries
(DMS8, DM11), where lack of transparency was identified as a key barrier to Al adoption.

DR2: Multi-Source Data Integration with Gap Identification. The system must be able
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Table 5: Mapping empirical findings to design requirements

Empirical Finding Evidence Practitioner Need Req.
Fragmented DM1, DM3, DM4, Traceable, verifiable justifications for reccommendations DR1
documentation; lost DM6
reasoning chains
Poor data quality; DM1, DM10, Awareness of data gaps and quality issues DR2
incomplete information DM14; Survey

(16/33)
Complex decision DM3; Survey Structured decomposition of multi-criteria problems DR3
criteria; need for (19/33)
structured iterative
tracking
Human oversight DM4, DM5, DM8, User control over Al involvement level DR4
non-negotiable DM11, DM14
Conflicting stakeholder DM4, DM6, DM7  Structured argumentation and counter-argument DRS
interests; HiPPO effect capability
Reliance on intuition; DMI1, DM3, DM4, Integration of experiential knowledge alongside data DR6
tacit knowledge not DMS5
captured in data
Data protection as top ~ DM14, DM15; Privacy and security as architectural principle DR7

concern; IP sensitivity ~ Survey (19/33)

to integrate information from diverse internal and external sources, including databases, docu-
ments, market reports, and technical specifications. Crucially, it must explicitly flag data gaps,
quality issues, and cases where the available information is insufficient for a reliable recom-
mendation. This responds to data quality concerns raised by DM1, DM10, and DM14, as well
as the challenge of insufficient data reported by 16 of 33 survey respondents.

DR3: Modular and Traceable Decision Structures. Complex decisions must be decom-
posed into evaluable components, each of which can be assessed, critiqued, and revised indepen-
dently. This allows decision makers to examine specific aspects of a problem, such as market
viability or technical feasibility, without losing sight of the overall evaluation. It addresses the
challenge of complex decision criteria (the most frequently cited difficulty in the survey) and
the need for structured tracking of iterative decisions expressed by DM3.

DR4: Adjustable Autonomy (Human-in-the-Loop). Users must be able to control the
level of Al involvement at each stage of the decision process. The system should support a
range of modes, from a passive mode where the Al responds only when asked, to an active mode
where it proactively identifies issues and proposes evaluations, to a deliberation mode where
it facilitates a structured multi-perspective analysis. This reflects the consistent view across
interviews that human oversight must be preserved, while acknowledging that the appropriate
level of Al involvement may vary with context and user confidence.

DRS: Argumentation and Critique Capability. The system must be able to present ar-
guments for and against decision options, challenge assumptions, and serve a devil’s advocate
function when needed. This addresses the committee decision support use case identified by
DM4, where subjective opinions need to be balanced with objective evidence. It also supports
the reconciliation of conflicting stakeholder views and counteracts the HiPPO effect, where the
most senior person’s view dominates regardless of evidence quality.

DR6: Integration of Experiential and Intuitive Knowledge. The system must provide
ways to incorporate tacit knowledge that is not captured in formal data sources, including pro-
fessional intuition, process experience, and contextual judgment. DM1 called for a collabora-
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tive human-machine process that integrates experiential knowledge, and DMS5 emphasized that
interpersonal nuances and accumulated experience must be part of the decision process. Rather
than treating human intuition as a bias to be corrected, the system should treat it as a valid and
valuable input alongside data-driven analysis.

DR?7: Privacy and Data Security by Design. Data protection must be built into the system
architecture as a foundational principle, not added after the fact. This includes role-based access
controls, secure handling of proprietary information, and clear data retention and usage policies.
This requirement responds to the top concern in the survey (data protection, cited by 19 of 33
respondents) and the intellectual property concerns raised by DM 14 and DM15.

5.2 The Incomplete Information Tension

The incomplete information tension introduced in Section 2.4 runs through all the design re-
quirements and shapes how they should be read together. A practical response is the interaction
between DR2 (gap identification) and DR6 (experiential knowledge integration): rather than
concealing uncertainty, the system should make it explicit, state what is known, what is uncer-
tain, and what is missing, and then actively invite human expertise to fill those gaps. In this
way, incompleteness is reframed from a system limitation into a collaborative design feature, in
which Al breadth and human judgment are treated as complementary rather than competing.

6. DESIGN PRINCIPLES

Table 6 summarizes how each design principle operationalizes one or more design require-
ments.

Table 6: Design principles and the requirements they operationalize

DP Principle Operationalizes

DP1 Al as analytical partner DR4 (adjustable autonomy)

DP2 Transparency by default DRI (transparent reasoning chains)

DP3 Progressive disclosure DRI1, DR3 (reasoning chains; modular structure)
DP4 Multi-perspective deliberation DRS5, DR6 (argumentation and critique; experiential

knowledge integration)

DP5 Graceful uncertainty handling DR2, DR6 (gap identification; experiential knowledge as
complement to uncertain data)

DP6 Incremental deployment DR4, DR7 (adjustable autonomy; security by design)

While the design requirements (DR1-DR7) specify what the system must do, design princi-
ples articulate how the system should behave and what should guide its interaction with users.
Six design principles are proposed, derived from the empirical findings and the literature on
human-AlI collaboration.

DP1: AI as Analytical Partner, Not Decision Maker. The system provides analysis, per-
spectives, and structured evaluations, but final decision authority always rests with the human.
This principle reflects the consistent view across participants that Al should support but never
replace human judgment, and operationalizes DR4 (adjustable autonomy) by drawing a clear
boundary around the system’s role.

DP2: Transparency by Default. All reasoning processes, data sources, and confidence
levels should be visible to the user without requiring special effort to access them. Rather
than hiding complexity behind simple outputs, the system should present its analytical work
in a way that invites scrutiny. This operationalizes DR1 (transparent reasoning chains) and
responds directly to the consistent demand for traceability expressed across the interviews.
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DP3: Progressive Disclosure of Complexity. Information should be accessible but pre-
sented in layers. The initial view offers a clear summary with key findings. Users who want
more detail can drill down into underlying evidence, agent-level analyses, and raw data. De-
cision makers at different levels need different amounts of detail, and presenting everything at
once can be as cognitively burdensome as providing no structure at all. This operationalizes
DR1 and DR3 by making the system’s analytical work accessible without overwhelming the
user.

DP4: Multi-Perspective Deliberation. The multi-agent architecture should be used to rep-
resent different functional or stakeholder viewpoints. Rather than producing a single monolithic
recommendation, the system should make visible the perspectives it has considered, including
areas of agreement and disagreement. This operationalizes DR5 (argumentation and critique)
and DR6 (experiential knowledge integration) by treating both analytical outputs and practi-
tioner expertise as inputs to deliberation, and directly addresses the cross-functional mediation
need identified in the interviews.

DP5: Graceful Handling of Uncertainty. When the system encounters data gaps, con-
flicting information, or low-confidence situations, it should communicate this clearly rather
than generating confident-sounding outputs. This means providing explicit confidence indica-
tors, flagging areas of uncertainty, and distinguishing well-supported conclusions from spec-
ulative extrapolations. This principle directly addresses the incomplete information tension
(Section 5.2) and operationalizes DR2 (gap identification) and DR6 (experiential knowledge
integration), treating practitioner expertise as a complement to uncertain or incomplete data
rather than a last resort.

DP6: Design for Incremental Deployment. The system architecture should support grad-
ual introduction rather than all-or-nothing adoption. Individual analytical modules should be
activatable independently, so that the system can deliver value with partial data integration be-
fore all organizational sources are connected. Autonomy levels (DR4) can be set conservatively
at first and raised as trust develops. DM4 explicitly called for starting with a few clearly defined
tasks and expanding scope gradually, an expectation with direct architectural implications. In-
cremental deployment also supports DR7 (privacy and data security): phased data integration
allows security controls, access permissions, and data retention policies to be established and
verified for each connected source before the next integration step proceeds (Saup et al., 2026).

7. DISCUSSION
7.1 Connecting to Existing Literature

The findings contribute to the literature on Al-supported decision making in innovation by
showing that practitioners do not primarily ask for autonomous recommendations. They ask
for systems that make reasoning visible, surface missing information, preserve human account-
ability, and help coordinate perspectives across functions. In this sense, the study provides
contextual evidence for concerns already present in the responsible Al and human-AlI collabo-
ration literature, while specifying how those concerns manifest in innovation and product de-
velopment settings. The results also suggest that some features commonly framed as technical
enhancements, such as transparency or uncertainty handling, function in practice as conditions
for adoption rather than optional extras.

The findings align with and extend two intersecting bodies of work: the design of Al-
augmented decision-making (AIADM) systems, and the governance of LLM-based multi-agent
architectures. The AIADM design principles of Herath Pathirannehelage et al. (2025) receive
support in the innovation management context and are extended in two ways. First, when a
multi-agent architecture is adopted, coordination requirements become more prominent: dis-
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agreement between agents should be surfaced to users rather than resolved silently, and the co-
ordination process itself should remain traceable. Second, innovation decisions rely heavily on
tacit, experiential knowledge that is rarely captured in formal data, giving rise to DR6, a require-
ment not present in general AIADM design guidance. The “pilot-to-decision gap” documented
by Saup et al. (2026) closely matches the pattern observed in the interviews; DR4 (adjustable
autonomy) and DP6 (incremental deployment) together provide a trust-building pathway from
exploratory use to embedded decision support.

The incomplete information tension connects to the automation bias literature (Romeo and
Conti, 2025; Kiicking et al., 2024): users tend to defer to Al outputs precisely when those
outputs are least reliable. Guo et al. (2024b) formalizes this point by framing appropriate Al
reliance as a function of Al reliability and task uncertainty, which suggests that DP5 (graceful
uncertainty handling) should be treated as a prerequisite for effective human-Al complementar-
ity rather than a secondary design concern.

7.2 Theoretical Contribution

This study offers three contributions. First, it provides empirical evidence about the condi-
tions under which decision makers in innovation contexts consider Al-supported systems to be
usable and trustworthy: reasoning traceability, explicit treatment of data gaps, adjustable levels
of autonomy, and mechanisms for integrating cross-functional and experiential knowledge.

Second, these observations are translated into seven design requirements and six design
principles. These should be understood as empirically derived design propositions rather than
validated theory. Their value lies in making practitioner needs actionable for future system
design, while acknowledging that evaluation through implemented artifacts is still needed.

Third, the study identifies and names the incomplete information tension: Al support appears
most attractive when information is incomplete, yet those same conditions increase the risk that
Al outputs are treated as more reliable than the evidence warrants. This concept is useful not
because uncertainty is a new topic, but because it links transparency, uncertainty handling, and
human oversight into a single design problem that future research can test more directly.

The study does not validate a specific multi-agent architecture. Rather, the findings suggest
that a multi-agent configuration becomes most plausible where decision support must represent
distinct functional perspectives, expose disagreement, or separate analytical tasks into traceable
modules. A multi-agent system can address these needs more effectively than a single agent
by isolating context windows, enabling specialized tool use, and generating conversational logs
that naturally support transparency. The study’s contribution on this point is clarifying when
such an architecture appears justified and what design obligations follow if it is adopted.

Figure 5 shows one possible reference architecture consistent with the requirements and
principles derived in this study. The interaction and review interface operationalizes the Al-
as-partner and progressive-disclosure principles (DP1, DP3). The orchestrator and autonomy
manager handle modular task decomposition and adjustable autonomy (DR3, DR4, DP6). The
analytical role layer represents the distinct functional perspectives that practitioners identified
as necessary, and the synthesis layer makes disagreement, evidence integration, and gap iden-
tification explicit (DR2, DRS5, DP4, DP5). Human experiential input is included as an explicit
input, not a fallback (DR6). Reasoning traceability, provenance, privacy, and auditability (DR1,
DR7, DP2) are shown as cross-cutting controls.

To illustrate the architecture concretely, consider a make-or-buy decision for a new software
component. The user submits the request to the orchestrator, which delegates it to specialized
agents. A financial agent evaluates internal development costs; a technical agent assesses ex-
ternal vendor capabilities. If the financial agent finds a cost advantage but the technical agent
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Figure 5: Illustrative LLM-based multi-agent reference architecture consistent with the proposed design

requirements and principles (DR1-DR7, DP1-DP6). The diagram is conceptual and analytically derived;
it has not been implemented or empirically validated.
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flags a data quality gap about the vendor, the synthesis layer surfaces this conflict rather than
forcing a single recommendation, and prompts the user to assess the acceptable level of risk.
The figure is intended as a synthesis device that makes the study’s multi-agent implications
concrete without claiming artifact-level validation.

7.3 Managerial Implications

For innovation managers, two practical points stand out. First, feasibility assessment and
make-or-buy analysis are among the most suitable initial use cases: decision criteria are rela-
tively well-defined, relevant information sources are identifiable, and the output is a compara-
tive evaluation rather than an open-ended recommendation. Starting with structured problems
reduces the risk of early adoption failures that can erode organizational confidence. Second,
polished AI outputs can make experienced users less critical, not more (Kiicking et al., 2024).
Organizations should therefore invest in what may be called critical collaboration skills (cf.
Steyvers and Kumar, 2024): the ability to interrogate Al reasoning, identify evidence gaps, and
exercise independent judgment when stated confidence does not match data quality. DR1 and
DP2 are designed to make such scrutiny possible; building the organizational disposition to
actually use that capacity is a managerial responsibility.

For technology developers, transparency and traceability (DR1, DP2) should be treated as
architectural foundations, not afterthoughts. In regulated industries such as medical devices and
pharmaceuticals, every Al-assisted interaction may be subject to audit, and systems that cannot
show their reasoning will not be adopted precisely where decision support is most needed. Data
gap identification (DR2) was the most consistently requested capability in the interviews and
among the least present in current LLM applications, making it a core engineering priority.
Adjustable autonomy (DR4) is equally important: a fixed level of Al involvement will be too
high for cautious users and too low for confident ones. At the governance level, data protection
safeguards (DR7) must be built in before deployment, not added later; the system’s formal role
in the decision process should also be defined before rollout to avoid accountability ambiguity
when Al is involved in consequential decisions.

7.4 Limitations and Future Research

Three scope limitations should be considered when interpreting the findings. The geographic
concentration in German organizations means that cultural attitudes toward algorithmic author-
ity and local regulatory norms may have shaped the results; cross-cultural replication is needed
to identify which requirements are broadly generalizable. Both samples are modest in size
and purposively selected, making the findings rich in depth but not statistically representative;
larger surveys would help identify which patterns hold at scale. Participants were likely more
positively oriented toward Al than the broader population of innovation managers due to self-
selection in consortium-based recruitment. The study also focuses primarily on physical prod-
uct development and manufacturing-adjacent innovation; whether the design requirements hold
equally in service innovation or software-as-a-service contexts remains to be examined.

The most consequential limitation is that the study derives design guidance without eval-
uating an implemented system. The proposed requirements and principles are analytically
grounded but empirically untested at the artifact level. The framework also does not fully ac-
count for current technical constraints in multi-agent architectures, such as computational la-
tency, hallucination risks, and token processing costs. Future work should therefore move from
concept derivation to prototype development and situated evaluation, testing not only technical
feasibility but whether the proposed features improve decision quality and perceived human
control in real settings. Longitudinal designs are particularly important, as human-AlI collab-
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oration quality is unlikely to be stable at first exposure and may change substantially as users
develop familiarity with both the system’s capabilities and its failure modes.

8. CONCLUSION

Drawing on a survey of 33 practitioners and 16 semi-structured interviews across German
firms, this study identified three structural breakdowns in innovation decision processes: in-
formation fragmentation, absent reasoning structure, and the need to act under incomplete ev-
idence. In response, an empirically grounded design framework is proposed that positions Al
as an analytical partner, makes uncertainty explicit, and keeps human judgment central. A key
insight is the incomplete information tension: Al support is most needed precisely where data
are scarce, yet those same conditions heighten the risk of overreliance on outputs whose un-
derlying uncertainty remains hidden. While the proposed framework is analytically grounded,
future research must develop and evaluate functional prototypes in real organizational settings
to validate whether these design features improve decision quality and preserve meaningful
human control in practice.
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A. SURVEY INSTRUMENT SUMMARY

The online survey was administered as part of the InnoHub Generative Al programme. Ta-
ble 7 provides an overview of the key survey items and the constructs they were designed to

measure.

Table 7: Survey instrument: key constructs, items, and response formats

# Construct Item / Focus Format

1 Al interest Interest in Al for leadership and manage- Likert (5-pt)
ment

2 Al knowledge Self-assessed Al knowledge in a manage- Likert (5-pt)
ment context

3 Al familiarity Familiarity with Al-based and multi-agent Likert (5-pt)
DSS

4 Decision frequency Frequency of strategic decision making Single choice

5 Decision factors Key factors influencing strategic decisions Single choice

6 Methods used Traditional methods used (SWOT, CBR, Multi-select
data analysis, 5-Why, MCDM)

7 Challenges Challenges in SDM (complex criteria, time Multi-select
pressure, data gaps, tool limitations, uncer-
tainty)

8 Concerns Al adoption concerns (transparency, trust, Multi-select
data protection, integration)

9 Preferred insights  Desired Al insight types ranked (trend, Ranking (1-5)
risk, feasibility, customer, competitor)

10 Current tools Tools used for decision support; perceived Open-ended
limitations

11 Future expectations Expected role of Al in decision making (5- Open-ended

year horizon)

B. INTERVIEW GUIDE SUMMARY

The semi-structured interview protocol was organised around four main question areas, with
probing questions used to elicit deeper insights as needed. Table 8 summarises the protocol.

Table 8: Interview guide: main question areas and sample probes

Question Area

Sample Questions and Probes

1. Role and decision

characteristics

2. Challenges and tool

use

3. Use cases for
LLM-MAS

4. Requirements and

concerns

these decisions typically made? Who is involved?

Describe your role and the types of strategic decisions you are involved in. How are

What are the main challenges in these decision processes? Which tools are currently

used, and what are their limitations? Where do breakdowns or inefficiencies tend to

occur?

Where do you see the greatest potential for Al-based multi-agent systems in your
decision processes? What tasks would you want such a system to handle?

What requirements would an Al-based decision support system need to meet for you

to trust and use it? What concerns do you have about such systems?
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